INTRODUCTION
Motorization brings two significant challenges to the modern society. Firstly, road and vehicle safety becomes increasingly important, which has notably heightened legislative requirements by introducing more effective protective systems to the vehicle. Secondly, there is an ever-growing concern in environment and sustainability, which largely push up the lightweight standards to reduce fuel consumption. For these reasons, the automotive industry has devoted a substantial effort to deliver more crashworthy vehicles for addressing these two competing issues simultaneously. Thin-walled structures are of great importance in automotive crashworthiness design, because of their high crash energy absorption capability and their potential for light weighting. To identify the best compromise between these two requirements, numerical simulation and optimization is needed [1] [2] [3] [4] [5] [6] . Due to the numerical noise and physical bifurcation in crash response, gradient based optimization algorithms cannot be used directly here. On the other hand, because of high computational cost for crash simulation, it is improper to apply evolutionary algorithms directly. To overcome the above problems, surrogate models are generally built to capture the crash response [7, 8] . The idea of surrogate modeling is to construct an approximate function based on a series of sampling evaluations, in which design space is typically sampled using the design of experiment methods [9] . Then, the FEA is performed at these sample points to establish surrogate models with a certain confidence of approximation for crashworthiness optimization.
This paper provides the results obtained from an optimization procedure on a composite impact attenuator, under dynamic axial crushing, using two different metamodels, such as Radial Basis Function (RBF) and Kriging. In particular the sizing optimization for some geometric parameters was solved combining the commercial solver LS-DYNA with the optimizer LS-OPT. In order to measure the fitness of results and do a comparison between different surrogates, global error parameters were used, such as root mean squared error, maximum residual error and coefficient of determination.
SURROGATE MODELING
In crashworthiness optimization, direct coupling method may be inefficient and sometimes impossible since iterative non-linear FEA during optimization usually require enormous computational efforts and take the high risk of premature simulation failure prior to a proper convergence. As a result, surrogate models or metamodels are more often used as an alternative for formulating the design criteria in terms of an explicit function of design variables in advance of optimization, which has proven an effective and sometimes a unique approach [10] . In this study comparative analysis of Radial Basis Function and Kriging metamodels were carried out using Latin Hypercube design of experiment; approximated functions were created using ten simulation points and fifteen iterations with sequential domain reduction strategy. Below it is presented a brief description of such models.
Radial basis function model
Radial basis function model was developed for scattered multivariate data interpolation by using a series of basis functions that are symmetric and centred at each sampling point. Radial basis functions are typically formulated using the Hardy's formula [11] :
where m is the number of the polynomial terms, c j is the coefficient for polynomial basis function p j (x) and n is the number of sample points. λ i is the weighted coefficient for the term for the i-th variable, r(x,x i ) is the Euclidean distance expressed in terms of ||x-x i || and ϕ(r) is the radial basis function.
Kriging model
In recent years, the Kriging method has found wider application as a spatial prediction method in engineering design. The basic postulate of this formulation, given by Simpson [12] , is:
where y(x) is the unknown function of interest, f(x) models the global trend of the function of interest and Z(x) models the correlation between the points by a stochastic process whose mean is zero and variance is σ 2 . Z(x) provides local deviations and the covariance between different points is modelled as:
With L the number of sampling points,R is the LxL correlation matrix defined by Gaussian correlation function R(x i ,x j ) as follows:
where n is the number of variables, θ k is the unknown correlation parameter to determine and x i k is the k-th component of sample point x i .
Successive response surface method
When performing a surrogate-based optimization, a basic assumption is that the surrogate model is sufficiently accurate and it is only necessary to find the optimum design using the established surrogate model [13] . However the surrogate model obtained using initial samples will probably not be accurate in the local region of the final optimum. It is common to exploit this local region by sequentially positioning additional samples inside. On the other hand, exploring design space is a strategy to increase the global accuracy of a surrogate model. Considering both exploitation and exploration, successive response surface method (SRSM) [14] has been proposed, in which the region of interest (RoI) is gradually shrunk to a smaller area around the optimum by panning and zooming within the design space during the iterations (Figure 1 ). In the successive surrogate modeling method, the center of RoI at the (k+1)-th iteration is the optimum x (k)* of the k-th iteration and its size is a fraction of the size of the k-th iteration, calculated using the distance between the optimum and the center of the current RoI. While SRSM has been demonstrated to be able to identify the optimum region for various crashworthiness problems [14] [15] [16] , iterative resampling might be prohibited in practice as crashworthiness simulations are rather expensive computationally. Implementation of Latin hypercube design [17] , which is a technique to inherit previous sample points, might help reduce the required number of sample points in subsequent iterations.
STRUCTURAL OPTIMIZATION
The model of an impact attenuator in composite material subjected to axial dynamic loading [18] [19] [20] was provided to obtain the optimum solution comparing the two different surrogates. LS-OPT was used to build the respective metamodels, while LS-DYNA solver [21] [22] [23] [24] was implemented to conduct the explicit crash simulations.
In general, a problem of crashworthiness optimization can be formulated mathematically as:
where f(x) and g(x) are the objective and constraint vectors, respectively and x denotes the vector of design variables.
In this study, the optimization goal is the maximum response of the specific energy absorption (SEA) constrained with the conditions of the maximum acceleration, average acceleration, maximum stroke in order to satisfy the requirements imposed by rules [21] and maintain a controlled and progressive deformation. Therefore, the mathematical model for the structural optimization is as follows: 
In such case the design variables are the three thickness of each zone (t, t2 and t3 respectively), as shown in Figure 1 , parametrized directly in the LS-DYNA input file.
Figure 2. Impact attenuator configuration at the beginning
To compare different interpolation techniques, it is possible to examine the difference between the obtained data and the predicted one using the root mean squared error (RMSE), maximum residual error (ε max ) and coefficient of determination (R 2 ). The first one is computed for each function as follows:
where P is the number of checkpoints, y i is the function value at the point andy i is the predicted value using metamodel. Maximum residual error is the maximum value of the difference between the observed and predicted response. The coefficient of determination is evaluated as: ) where hat symbol means the average value of the y i results. Table 1 shows the optimal values of the thicknesses for Radial and Kriging metamodels, respectively. It is evident how different surrogates give feasible and very comparable solutions. In both cases, no great variation in term of values can be noted between the second and the third zone; therefore, the repartition of the structure into three parts seems to be not necessary given the inclination of the shells in the longitudinal direction. Only a smaller thickness must be guaranteed into the first part of the attenuator, to reduce the peak load and undergo a progressive and controlled deformation. In terms of objective and constraints values it is possible to note how both metamodels are able to improve the base configuration (Table 2) . The accuracy of these models can be assessed using statistical methods [25] . Therefore, the deviation of predicted response from the actual value is evaluated by RMS Error, maximum residual and R 2 values respectively of the checkpoints for both configurations (Table 3) . This values must be small enough, except for R 2 where a value near to unit should be obtained, to accept the accuracy of predicted to calculated values. Both for objective and constraints, the Kriging method presents the best results for each criterion. As the Kriging metamodel, for such crashworthiness analysis, presents better behaviour than the RBF one, from now on, only the Kriging results will be displayed. Figure 3 shows the optimization history for variables and objective varying iteration step. It is evident how the domain of each thickness tends to reduce in time up to converge to the optimal solution. Moreover also the SEA value tends to stabilize around a value of about 17 kJ/kg. Sensitivity analysis allows to determine the significance of the design variables. In LS-OPT two sensitivity measures are implemented: Linear ANOVA ( Figure 4 ) and GSA/Sobol ( Figure 5 ). ANOVA depicts positive or negative influence, while Sobol just shows the normalized absolute value. It is evident how the t3 variable, that depicts the thickness of the last zone of the attenuator, is the most influential in terms of SEA, followed by t2 and t. The same trend can be also observed in terms of maximum stroke and average acceleration. Only for maximum acceleration an opposite trend is shown; in such case the first thickness of the structure under impact has the greatest relevance. This is obvious because the maximum acceleration is reached in the first time intervals, when the attenuator comes into contact with the rigid wall. The three dimensional response surfaces obtained from the Kriging model and simulation points were plotted for the average acceleration constraint vs. design variables ( Figure 6 ). The quadratic trend is able to capture minimum and maximum points.
RESULTS AND DISCUSSION
The diagram of deceleration vs. displacement for the base and optimized configuration is illustrated in Figure  7 . For the optimized solution, it is evident a more constant acceleration, a lower peak and a more extensive deformation respect to the base geometry. The new configuration guarantees a mass reduction of about 12%, a specific energy absorption greater than about 14% respect to the original FE simulated model. Figure  8 shows the progressive deformation of the optimized impact attenuator in time. 
CONCLUSION
In this study, single objective design optimization of a composite impact attenuator was conducted using the RBF and Kriging metamodels. The numerical models were simulated by LS-DYNA finite element code and coupled with surrogates through LS-OPT. The accuracy of the results was assessed using statistical techniques. Finally, a successful implementation of such optimization by RBF and Kriging methods demonstrated that the crushing performance in term of specific energy absorption of the impact attenuator improved by 13% and 14%, respectively. From the statistical methods it is evident how the Kriging method has a better capacity to determine the optimum solution respect to the Radial one, even if no great differences can be observed from the point of view of the design variables values.
